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Abstract  

 
Dolphin monitoring plays a crucial role in maintaining the balance of the marine ecosystem and is an attraction 
for ecotourism, accurate detection is often hampered by light refraction, water turbidity, and the rapid movement 
of dolphins. This study proposes the application of YOLO11-Nano as a lightweight detection architecture for 
real-time monitoring on resource-constrained devices, which has been rarely explored in aquatic scenarios. The 
model is optimised to balance inference speed and detection accuracy, remaining competitive in various 
environmental conditions. Experimental results show that YOLO11-Nano achieves 6.4 GFLOPs, 2.59 million 
parameters, 65.0% mAP50, 43.1% mAP50:95, and 18.34 FPS, confirming stable performance under various 
lighting and underwater noise conditions. This indicates the potential of YOLO11-Nano for application in real-
time water monitoring systems on devices with limited resources, supporting automated dolphin detection as part 
of marine ecosystem conservation efforts.  

 
Keywords: Deep Learning, Dolphin Detection, Real-time, YOLO11-Nano 

This is an open access article under the CC BY license. 
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1. INTRODUCTION  

Underwater object detection is a challenging 
problem in computer vision due to factors such as 
water turbidity, light variation, surface reflections, 
and particles that reduce image quality [1], [2]. These 
conditions make object identification much more 
difficult than detection in terrestrial environments. 
Therefore, detection methods that can adapt to 
dynamic water conditions are essential for achieving 
accurate and efficient results. Recently, underwater 
optical image-based object detection methods have 
become popular as an efficient approach [3]. 
However, this task remains very challenging due to 
the complex underwater environment and lighting 
conditions [4]. 

Among underwater species, dolphins play an 
important ecological role and serve as indicators of 
marine ecosystem health. Accurate detection of these 
mammals supports population monitoring, migration 
tracking, and conservation management, contributing 
to a deeper understanding of marine biodiversity [5]. 
However, findings from long-term monitoring studies 
indicate a sustained decline in dolphin populations in 
recent years [6], [7]. On the other hand, the 

behavioural characteristics of these mammals, such as 
their rapid movement, frequent surfacing and diving, 
and varied body orientation in different lighting 
conditions, as well as the degradation of underwater 
image quality and complex backgrounds, make 
detection challenging [8]. Traditional observation 
methods, such as manual visual surveys and acoustic 
monitoring, are time-consuming and often unreliable. 
These limitations have driven the development of 
automated vision-based systems. The integration of 
deep learning into these systems enables real-time 
dolphin detection, even in complex aquatic 
environments. In particular, lightweight architectures 
such as YOLO11-Nano offer real-time detection with 
high accuracy and efficiency, making them suitable 
for integration on mobile platforms with limited 
resources. Studies [9] show that YOLOv11-Nano has 
a high degree of suitability for drone-based 
applications, particularly in supporting real-time 
processing and inference efficiency. These 
characteristics make YOLO11-Nano a promising 
approach for automated marine monitoring and 
support the acceleration of marine ecosystem 
conservation efforts[10]. 
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Traditional observation methods, such as manual 
visual surveys and acoustic monitoring, are time-
consuming and often unreliable. These limitations 
have driven the development of automated vision-
based systems. The integration of deep learning into 
these systems enables real-time detection of dolphins, 
even in complex aquatic environments. In particular, 
lightweight architectures such as YOLO11-Nano 
offer real-time detection with high accuracy and 
efficiency, even in complex underwater conditions, 
thereby supporting automated marine monitoring and 
accelerating conservation efforts [11]. 

Deep learning is rapidly advancing the field of 
underwater object detection. As a field of computer 
vision, object detection focuses on identifying and 
locating objects in images or videos [8]. In addition 
to classification, this method provides spatial location 
using bounding boxes. However, underwater 
detection remains challenging due to factors such as 
lighting variations, water turbidity, and complex 
backgrounds [12]. Deep learning-based methods help 
overcome these challenges by automatically 
extracting discriminative features from image data, 
improving detection accuracy in aquatic 
environments [13]. 

Convolutional Neural Networks (CNNs) are now 
a cornerstone of modern object detection, primarily 
due to their ability to extract representative features 
from images [3]. Several studies have demonstrated 
that CNNs are highly effective for anomaly detection 
[14]. This concept applies directly to dolphin 
detection: against the complex sea background, the 
presence of a dolphin is, in essence, an anomaly. 
Therefore, the CNN approach can improve the 
accuracy and reliability of dolphin detection systems 
in aquatic environments. One algorithm from CNN 
development is You Only Look Once (YOLO), 
which integrates classification and localization in one 
step, enabling real-time detection and efficiency [15]. 
This system continues to evolve by offering 
improvements in accuracy, processing speed, and the 
ability to detect small objects, making it highly 
relevant for detecting objects such as dolphins. 

This architecture presents lightweight variants 
such as YOLO11-Nano, which are optimized to 
maintain a balance between accuracy and speed while 
requiring low computational complexity, making 
them suitable for deployment on resource-constrained 
devices [16], [9]. Nevertheless, underwater object 
detection systems continue to face significant 
challenges in the field of computer vision due to low 
visibility, poor lighting conditions, and water 
turbidity, which often lead to detection errors [17], 
[18]. To address these issues, various deep learning 
models based on CNNs and YOLO architectures have 
been widely adopted because of their ability to 
balance detection speed and accuracy [19]. However, 
conventional YOLO architectures do not always 
exhibit stable performance under diverse and 
dynamically complex underwater environmental 

conditions. To overcome these limitations, several 
studies have proposed architectural modifications to 
enhance feature extraction capabilities, including the 
integration of Convolutional Block Attention 
Modules (CBAM) and Transformer modules into 
YOLOv5s, as reported in [20]. Although these 
approaches have been shown to improve detection 
accuracy, the introduction of additional components 
generally increases computational complexity while 
reducing inference efficiency, thereby limiting their 
applicability in real-time systems operating on 
resource-constrained devices. In the context of 
dolphin detection, previous studies [21] have focused 
on enhancing detection performance through 
architectural adaptations of lightweight YOLO 
architectures to accommodate underwater 
environmental characteristics and the rapid dynamics 
of object motion. While these approaches 
demonstrated performance improvements, they 
remain reliant on earlier generations of YOLO 
architectures and do not provide a comprehensive 
evaluation of the performance of the latest YOLO 
generations. In particular, evaluations of YOLO11-
Nano as a lightweight detector for fast-moving 
marine mammals, such as dolphins, in dynamic 
underwater environments remain limited. 

This research contributes by presenting a 
systematic experimental evaluation of the 
performance of the YOLO11-Nano architecture for 
dolphin detection in underwater environments. The 
study specifically examines the ability of YOLO11-
Nano to cope with dynamic water conditions, 
including variations in lighting, turbidity levels, and 
background complexity, which represent real 
challenges in marine monitoring scenarios. This 
analysis provides empirical insights into the potential 
and limitations of YOLO11-Nano as a lightweight 
detector for real-time monitoring of marine mammals 
in resource-constrained systems. 

2. RESEARCH METHOD 

This study proposes using YOLO11-Nano as a 
solution for real-time dolphin detection in complex 
aquatic environments, due to its high computational 
efficiency while maintaining competitive detection 
accuracy, making it ideal for implementation on 
devices with limited resources. This architecture is a 
lightweight YOLO family variant designed to balance 
inference speed and detection accuracy. As shown in 
Figure 1, it consists of three main components: 
Backbone, Neck, and Head. 

2.1 Backbone 
       The backbone section in the YOLO11-Nano 
architecture serves as the primary component in the 
feature extraction process, responsible for learning 
the visual representation of input images. This 
backbone comprises multiple fundamental blocks 
arranged sequentially to achieve a balance between 
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Figure 1. Architecture of YOLO11-Nano 

 
computational efficiency and feature representation 
capabilities. Each block is designed to progressively 
enrich visual information, resulting in increasingly 
discriminative feature maps. The main blocks that 
form the backbone include: 
 
2.1.1 C3K2 

The C3K2 module, as illustrated in Figure 2, 
begins with a 1 × 1 convolution that serves to adjust 
the channel dimensions, where some channels are 
used for feature extraction, and the rest are retained 
as identity connections to improve computational 
efficiency. This module supports two operational 
configurations: the C3K configuration, which 
consists of three convolutional layers with flexible 
kernel sizes, and the C2f configuration, which uses 
two 3 × 3 convolutional layers. The output from each 
C3K branch or bottleneck is then combined with 
identity features and further processed through 1 × 1 
convolution to strengthen inter-channel interactions. 
This concise and flexible design enables C3K2 to 
produce rich and robust feature representations, 
making it suitable for computer vision tasks in 
underwater environments. 

 
2.1.2 SPPF 

The Spatial Pyramid Pooling-Fast (SPPF) 
module is applied after the last C3K2 module in the 
backbone architecture to enrich feature 
representation, as illustrated in Figure 3. This process 
begins with a 1 × 1 convolution that serves to 
compress the channel dimensions so that the number 
of channels can be adjusted. Next, the resulting 
features are processed through three consecutive 5 × 
5 MaxPooling layers, where each stage preserves the 
spatial dimensions while gradually expanding the 

receptive field. This approach allows the model to 
capture local and global information effectively 
without significantly increasing the computational 
load. The output from each pooling stage is then 
combined and reprocessed using 1 × 1 convolution to 
integrate multi-scale features into the final feature 
map. This design enables the SPPF module to 
consistently extract feature representations at various 
scales, thereby contributing to improved detection 
accuracy without adding significant computational 
complexity 

 
2.1.3 C2PSA 

In the final stage of the backbone, YOLO11-
Nano integrates the C2PSA module after the SPPF 
layer to enhance feature representation quality, as 
shown in Figure 4. This module begins with a 1 × 1 
convolution to adjust the channel dimensions, 
followed by feature partitioning into multiple parallel 
branches. One branch is processed through a Partial 
Self-Attention (PSA) block [22] to model global 
relationships between features through a self-
attention mechanism, and the other branch retains the 
original features to maintain representation 
efficiency. The outputs from all branches are then 
concatenated and processed through a 1 × 1 
convolution at the final stage to integrate inter-
channel information, resulting in a more 
discriminative feature map before being passed on to 
the next stage in the network. 

 
2.2 Neck 

The Neck section in the YOLO11-Nano 
architecture integrates feature information from 
various scales extracted by the backbone. This 
process involves up-sampling and down-sampling 
operations to align the dimensions of the feature map,  
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Figure 2. C3K2 module. The true configuration employs C3K 
blocks, whereas the False configuration utilizes bottleneck blocks. 

 
Figure 3. Spatial Pyramid Pooling Fast (SPPF) module 

 
thereby strengthening the connections between 
elements at different convolution stages. This module 
uses a combination of Path Aggregation Network 
(PAN) [23] and Feature Pyramid Network (FPN) [24] 
structures to generate three feature levels using 
bottom-up and top-down path aggregation strategies. 
The model integrates C3K2 blocks to capture deeper 
contextual information while combining features 
from multiple receptive fields, thereby improving 
multiscale feature representation without increasing 
computational complexity, and CBS, a combination 
of convolution, batch normalization, and SiLU 
activation function to maintain stable data 
distribution and improve the model's ability to 
recognize complex patterns. The aggregated 
information is combined with features extracted from 
the backbone, strengthening the combined 
representation before it is forwarded to the detection 
head.  

2.3 Head 
The detection system in YOLO11-Nano 

generates prediction outputs in the Head section, 
which serves as the final stage for producing object 
detection results based on features processed by the 
backbone and neck. In a single inference step, this 
component performs two main tasks simultaneously: 
object classification and bounding box regression. 
The Head network operates on different feature map 
scales of 80×80, 40×40, and 20×20 to robustly detect 
objects of varying sizes. This architecture uses three 
detection layers, each designed for a specific scale: 
large feature maps detect small objects, small feature  

 
Figure 4. Cross-Stage Partial Parallel Split Attention (C2PSA) 

module. 
 
maps handle large objects, and medium feature maps 
target medium-sized objects. Each detection layer 
consists of two parallel branches formed by 
successive 3×3 convolution layers followed by 1×1 
convolution layers. The regression branch predicts 
the bounding box coordinates (x, y, w, h), while the 
classification branch estimates the probability of the 
detected object class. 

This multi-scale detection strategy enables 
YOLO11-Nano to achieve high adaptability and 
robustness when detecting objects at different spatial 
resolutions. The optimization process utilizes a 
combination of three loss functions: Complete 
Intersection over Union (CIoU) Loss to maximize 
localization accuracy by considering the overlapping 
area, center distance, and aspect ratio [25]; 
Distribution Focal Loss (DFL) to improve bounding 
box regression by modeling localization targets as 
probability distributions [26], and Binary Cross-
Entropy (BCE) Loss to optimize object prediction 
and class probability estimation by minimizing the 
divergence between predicted labels and actual 
labels. The integration of these loss functions ensures 
a balance between localization precision and 
classification accuracy, enabling YOLO11-Nano to 
maintain optimal detection performance on objects of 
varying scales and complexities. 

2.4 Implementation Setup 
To evaluate the effectiveness of the 

proposed method, experiments were conducted 
to achieve optimal performance while 
maintaining a balance between computational 
efficiency and model accuracy. The system 
configuration and dataset were carefully 
designed to align with the research objectives 
and support the model training process 
optimally. Further implementation details will be 
explained below. 

2.4.1 Training and Testing Configuration 
In this experiment, training and testing of the 

YOLO11-Nano model were performed using the 
configuration summarized in Table 1. Training was 
conducted on the Kaggle platform with an NVIDIA 
Tesla P100 GPU, which provides high computing  
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Table  1. Training and Testing Configuration 

Parameters Setup 
Platfrom/device Kaggle 
GPU P100 
Image Size  640 x 640 pixels 
Epochs 300 
Batch Size 32 
Optimizer Stochastic Gradient Descent (SGD) 
Learning Rate 0,01 

 
power for efficient training and inference. The input 
image size was 640 × 640 pixels to balance spatial 
detail accuracy and computational efficiency. The 
model was trained for 300 epochs with a batch size of 
32, ensuring stable convergence while effectively 
utilizing GPU memory. Optimization was performed 
using the Stochastic Gradient Descent (SGD) 
algorithm due to its robustness and consistent 
convergence in object detection tasks. A learning rate 
set at 0.01 was applied to enhance convergence and 
mitigate overfitting, thereby improving generalization 
performance. 

For inference, model testing, and evaluation were 
performed on a local device using a CPU 
configuration. This approach was adopted to examine 
how well the model could be applied in a real-world 
implementation environment with limited 
computational resources. 

2.4.1 Dataset 
The study employed the dolphin dataset, which 

was obtained from previous research [21]. This 
dataset consists of 5,493 images, including 4,122 
images for training, 822 samples for testing, and 549 
images for validation, as shown in Table 2. Data 
augmentation was applied exclusively to the    
training set to improve model generalization, while 
the validation and testing sets remained unchanged to 
ensure objective performance evaluation.  

 
Table  2. Dataset Configuration 

Parameters Setup 
Training Data 4.122 images 
Validation Data 822 images 
Testing Data 549 images 

 
This data splitting strategy resulted in a 

representative and balanced dataset, supporting 
robust model training and reliable performance 
assessment. Every sample in the dataset was labeled 
with bounding boxes to identify and localize 
dolphins.  

The dataset contains both above-water and 
underwater images, featuring diverse lighting 
conditions, ocean backgrounds, and challenging 
detection scenarios such as water reflections and 
dynamic dolphin movements, as shown in Figure 5. 
Overall, the dataset contains 5,493 images with 
approximately 4,900 labeled dolphin instances. Each 
instance represents the presence of a dolphin in an 
image, either as a single subject or as part of a group. 

 

3. RESULTS AND DISCUSSION 

The performance of the proposed YOLO11-
Nano model was evaluated based on detection 
accuracy, computational efficiency, robustness to 
various aquatic environmental conditions, and 
execution time efficiency. The evaluation was 
conducted using a dolphin dataset, with variations in 
lighting conditions, turbidity levels, and light 
reflection on the water surface. 

 
3. 1 Evaluation on Dataset 

The detection accuracy of the proposed model 
was evaluated using standard evaluation metrics, 
namely mean Average Precision at an IoU threshold 
of 0.5 (mAP50) and mean Average Precision in the 
IoU range from 0.5 to 0.95 (mAP50:95). As shown in 
Table 3, the YOLO11-Nano model achieved an 
mAP50 value of 65.0% and an mAP50:95 value of 
43.1%, with 2.59 million parameters and a 
computational complexity of 6.4 GFLOPs. This 
performance is compared to other lightweight 
detectors in the YOLO family, namely YOLOv12-
Nano, which achieved an mAP50 of 60.8%, 
mAP50:95 of 41.9%, 2.56 million parameters, and a 
complexity of 6.5 GFLOPs, and YOLOv10-Nano, 
which achieved mAP50 of 59.6%, mAP50:95 of 
39.9%, 2.70 million parameters, and a complexity of 
8.4 GFLOPs. These results show that YOLO11-Nano 
is able to achieve an excellent balance between 
accuracy and efficiency, surpassing the performance 
of YOLOv10 and YOLOv12 in terms of detection 
precision and computational cost, while maintaining a 
lightweight architecture that is easy to implement on 
devices with limited resources. 

Table  2. Performance and Efficiency Results 

Model GFLO
Ps 

Parameter mAP  
50% 

mAP  
50-95% 

YOLOv12-Nano     6.5 2.56 60.8 41.9 
YOLO11-Nano     6.4 2.59 65.0 43.1 
YOLOv10-Nano     8.4 2.70 59.6 39.9 

Figure 5. The dolphin dataset captured under two conditions,  
above water and underwater 
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Figure 6. Dolphin detection results using the YOLO11-Nano model

 
Figure 6 shows the results of dolphin detection 

using the YOLO11-Nano model in above- and below-
water conditions. In general, the model is able to 
detect dolphins accurately, even when the object is 
only partially visible, is at a depth with low visibility, 
or is affected by surface light reflections. This 
demonstrates the model's ability to generalize and 
deal with variations in complex aquatic 
environmental conditions. However, some detection 
errors were still found. In some images, dolphins 
were detected more than once (multiple bounding 
boxes), while in other cases, some individuals were 
only partially detected or not detected at all. These 
conditions indicate that although the model has 
achieved a high level of precision, performance 
improvements are still needed so that detection 
accuracy can be further improved and detection errors 
can be minimized in the future.  

To further evaluate the classification 
performance of the proposed YOLO11-Nano model, 
a normalised confusion matrix is shown in Figure 7. 
The test results indicate that the model has a reliable 
ability to distinguish dolphin objects from 
background classes. In the dolphin category, the 
model produced a true prediction value of 0.56, 
indicating that dolphin features can be well 
recognised in the test dataset. In addition, the 
background class is identified with a value of 1.00, 
which suggests that the model is consistently able to 
recognise non-dolphin areas without classification 
errors. These results indicate that the YOLO11-Nano 
model can effectively extract the distinguishing 
characteristics between target objects and the 
background, thus supporting stable classification 
performance in underwater detection scenarios. 

 

 
Figure 7. Normalized confusion matrix of the proposed YOLO11-
Nano model on the test dataset. 

 
3. 2 Runtime Efficiency 

The evaluation of execution time efficiency 
focused on measuring the inference performance and 
computational cost of the YOLO11-Nano model in 
real-time detection tasks. As shown in Table 4, this 
model achieved the highest inference speed of 18.34 
FPS with a computational complexity of 6.4 
GFLOPs, surpassing other lightweight models such 
as YOLOv12-Nano (16.96  FPS, 6.5 GFLOPs) and 
YOLOv10-Nano (17.63 FPS, 8.4 GFLOPs). These 
results show that YOLO11-Nano has superior 
execution time efficiency with low computational 
requirements, making it very suitable for 
implementation on devices with limited resources in 
real-time detection applications.  

The increase in YOLO11-Nano inference speed 
is due to its optimized architectural design,  
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Table  4. Runtime Efficiency Comparison of YOLO-Nano Models 

Model GFLOPs FPS 
YOLOv12-Nano     6.5 16.96 
YOLO11-Nano     6.4 18.34 
YOLOv10-Nano     8.4 17.63 

 
specifically the efficient combination of C3K2 and 
C2PSA modules that improve feature extraction 
while reducing redundant calculations. This balance 
between speed and accuracy ensures that the model 
not only excels in detection precision but also meets 
the practical needs for real-time dolphin monitoring 
in aquatic environments. 

4. CONCLUSION 

This study demonstrates the effectiveness of the 
YOLO11-Nano architecture to perform real-time 
dolphin detection in complex aquatic environments. 
This model achieves a mean Average Precision 
mAP50 of 65.0% and mAP50:95 of 43.1%, with 2.59 
million parameters and a computational complexity 
of 6.4 GFLOPs, demonstrating its ability to achieve a 
balance between detection accuracy and 
computational efficiency. Compared to other variants 
such as YOLOv10-Nano and YOLOv12-Nano, the 
proposed model outperforms in terms of both 
accuracy and inference speed, attaining 31.40 FPS, 
confirming its potential for real-time application on 
devices with limited resources. As a major 
contribution, this study presents a comprehensive 
evaluation of the YOLO11-Nano architecture for 
underwater dolphin detection, highlighting its 
effectiveness as a lightweight yet accurate detection 
framework.  

Furthermore, experimental results show that 
YOLO11-Nano is capable of overcoming various 
underwater challenges, including low visibility 
conditions, lighting variations, and surface light 
reflections. However, some detection inaccuracies 
were still found, such as overlapping bounding boxes 
or partial detection. Therefore, further research could 
focus on improving the attention mechanism to 
increase precision. Overall, this research makes an 
important contribution to the development of 
lightweight deep learning models for marine species 
monitoring, while providing a strong foundation for 
the development of automated and efficient aquatic 
ecosystem monitoring systems. 
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